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Abstract

In the work, we obtained probability distribution of error signals with different confidence levels by Hampe cen-
sored estimation function. The data collection of “input-expectation” was divided into four data space where the
ratios of data disturbed by impulse noise are different. The data space with small data ratio was calculated by SM-
SCMPNLMS Algorithm. In data space with large data ratio, the computation complexity was reduced to solve
steady-state problems because of pulse noise disturbance by restraining error signal amplitude and using larger

error threshold. The effectiveness of this algorithm was proved by simulation.
Keywords: DATA SUBSPACE, SPARSENESS CONTROL, SET-MEMBERSHIP FILTERING, ECHO
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1. Introduction

Real-time voice communication causes increase
of echo delay with sparse path. The convergence rate
was proportional to coefficient sparseness. MPNLMS
algorithm in References [1], [2] and [3] was used to
update adaptive filter coefficients in network echo
cancellation system. The convergence performance
was affected by the adaptive filter coefficient sparse-
ness. Therefore, the contradiction between conver-
gence rate and calculation complexity cannot be
solved.

In the work, we obtained probability distribution
of error signals with different confidence levels by
Hampe censored estimation function. After that, the
data collection of “input-expectation” was divided
into four data space where the ratios of data disturbed
by impulse noise are different.The data space with
small data ratio was calculated by SM-SCMPNLMS
Algorithm. In data space with large data ratio, the
computation complexity was reduced to solve steady-
state problems because of pulse noise disturbance by
restraining error signal amplitude and using larger er-
ror threshold. The effectiveness of this algorithm was
proved by simulation.

2. SM-scmpnlms algorithm

In set-membership estimation algorithms, S de-
notes collection of “input-expectation” data pairs
(x, d) in adaptive filter. When (x, d) belongs to S,
then ® will denote collection of coefficient vectors
we RV where input error range is not more than
threshold y;. H) denotes collection of the whole w
where input error range is not more than threshold
71 at k. As the constraint set of data pair (x, d) with
hyperplane border, H, is defined as follows.

H, ={weR"™ x| < (1)
Where xk and wk are input signal and coeffi-
cient vectors of filter at k (xy =[x x xj 4 =X, k]T ,

Wi =[Wo k Wik "'WL—1,k]T ); L is the order of filter;
d; system expectation signal at k.

dk=kaw+nk+vk (2)

Where @ is identified echo path; n; additive
white Gaussian noise; v, impulsive noise.

In SM-SCMPNLMS algorithm, if w; € H; , then
wy will not be updated. If w, ¢ H, then the fol-
lowing

constraint optimization criterion will be used for
vector update.

min]w,; - wk||2ggh 3)

The following constraint condition is satisfied.

Metallurgical and Mining Industry

Automatization

di = X{ W1 =1 “
The Lagrange multiplier is used to solve the above
optimization problems. After that, output error signal
of filter at k is defined as follows.
(9, =dk —XZWk (5)
Then we obtain SM-SCMPNLMS coefficient up-
date formula.
0Ok +1Xk €k ©)
&+ x{ Q1%
Where ¢ is set-membership step.
_Jt=nfle] i le| >
oy =
0 else

Wil = Wi +

(7

Where 3 =/50,; o-,% is disturbance signal vari-
ance without impulse noise in system. In Equation
(6), & is regularization parameter. It is used to pre-
vent a zero denominator from minimum input signal.
In SM-SCMPNLMS coefficient update equation,
Oy, is the step control matrix for filter coefficient
assignment ( Q1 = diag{qo k1 d1k+1 - dr-1,k+1))-
Diagonal elements in Oy are calculated by the fol-
lowing recurrence relation.

1-0.5 i
e =0 o S
gl,k+1
Z
L ”Wk"l
o, = 1- 9
‘ L—ﬁ{ AT ®

Where |wy || }LZ: | |p :
i=0

Slk+l = maX{F(|W1,k|)=T x Ul,k+1} (10)

Where 7 is used to prevent parameter update stop
from overlarge coefficient difference (z =1/L-5/L).

O ker = max{n, Fwo |, Fwy ), Fwp_y i)} (1)

where 7 is used to prevent algorithm freeze when
the whole coefficients are 0 (7=0.01).

F(lwy g ) = In(1+1000x | wy 4 [) (12)

3. Ism-scmpnlms

In traditional set-membership estimation algo-
rithms, large pulse noise in system will cause sud-
den increase of ¢, to make ¢, >>y; when filter con-
verges tosteady state. Then coefficient update step «
is close to 1. Based on set-membership, filter coef-
ficient will not update or update at little step when
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filter converges to steady state. Therefore, we use
Hampe censored estimation function p(e) to restrain
e, in Equation (7), thus obtaining an improved SM-
SCMPNLMS algorithm in the work. p(e) is defined
as follows based on Reference [4].

et /2,
Elee| - 2/2, & <|e] < A
A +89) =& & (o] - 49)°
2 2 A-A
5 Al £|ek|<A2

2
%(A1+A2)—%, Az S|€k|

0<leg|<¢

ple) = (13)

Where threshold parameters £, A, and A, affect
restrain effect of algorithm to impulse noise. In im-
pulse noise disturbance condition, the whole distribu-
tion of e, is hardly to determine. However, it is as-
sumed that e, follows Gaussian distribution based on
additive impulsive noise. Its variation can be obtained
by estimation. The probability will be denoted as fol-
lows when |ek| is larger than certain threshold T.

T
HT(k)=P |€k|>T =1—€If{ } (14)
{lex > T} NG
Where erfc(t) is error function

2 _x2 . -
(erfe(7) =—'[Tekx dx ); o-ez,k error signal variation
Jz o

at k. error signal variation is updated by the methods
in References [6] and [7].
Oek = 20 ko1 + (1= 2p) pmed (4, ;) (15)
5
Where f=1483(1+ N _1);Ae’k = {e,f,n-,e,f_NWH};
A, is forgetting factor; wmed(o) median filter; N

w

window length of median filter. Different thresholds
T are used to obtain error signal probability distri-
bution of different confidence levels. It is denoted

that  0.(k)=Plle,|> &}, 6, (k)=P{le]>A}
and 6, (k)=Pile|>A,}.  1£6.(k)=0.05.
0, (k)=0.025 and 6, (k)=0.01, then we will obtain
¢$=1960,,, A =2.2420,, and A, =2.5760,,
by calculation. The probabilities are 5%, 95%, 97.5%
and 99% When|ek| <{,&E< |ek| <A, AL |ek| <A,
and |ek| > A, [8]. Then S is divided into subspace S, ,
S,, 8, and §,.

(16)
)

S=S1U52 US3 US4
S, ={(x.d)e R :0<|d—w'x| <.}
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S, = {(x,d) RN iy < ‘d—wa‘ < 73} (18)
S5 ={(x,d)eRN 73 s‘d—wa‘<74} (19)
Sy = {(x,d) eRN iy, < ‘d —wa‘} (20)

Where y; =& =1.960,; 73 =41 =2.2420,;
74 = Ay =2.5760, ;. The above equations show that
81, 8, S5 and Sy represent data pairs (x,d) with
output error ranges in [0,7,), [72,73), [73,74) and
[74,%) . Impulse-free noise disturbance data pairs
(x,d) are 95%, 2.5%, 1.3% and 1.2% in subspace 5j ,
S5, 85 and S, by Gaussian signal probability distri-
bution. If (xk,dk) € Sl , (xk’dk) € S2 , (xk,dk) € S3
and (xk,dk) € S4, then Hkl 5 sz, Hk3 and Hk4
will denote collections of coefficient vectors w
‘dk —W/zxk‘ <72,

satisfying ‘dk - w,{xk‘ <N,

‘dk - w,?xk‘ <73 and ‘dk - w,{xk‘ < y4 at k moment.

Hy=HyUH, UH3UHy (21)

Hkp = {W e RN ‘dk —WZXk‘ < ]/pa(Xkadk) ESP}
p=1,234

In ISM-SCMPNLMS algorithm, filter coefficient
will be conducted with iterative update only when
w e H; , thus effectively decreasing iterations. The
minimum disturbance principle derives the target of
algorithm as follows. In iteration process, the weight
vector of adaptive filter changes to the minimum un-
der the restrain of updated filter output. The following
constrained optimization problems are solved.

(22)

minwe, | - Wk”2ggi1 (23)

According to set-membership theory, w; will
evolved to the border of Hy;, Hy,, Hyy and Hyy
when w ¢ Hj . Therefore, constraint optimization
problems should satisty the following conditions.

n i (X, dy) €5y
v2 if (X, dy) €5y
73 i (xg,dy) € 83
74 i (X, di) € Sy
Using Lagrange multiplier method, the follow-

ing problems can be solved to obtain a set of uncon-
strained minimization function.

dk - WZ+1xk = (24)

Fyplwiaal = Wi —Wk||2Q;1] 05)
+ﬂ’p (dk _xzwk+1 _7p)9p = 1329394
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Where Ap is Lagrange multiplier and p=1, 2, 3, 4.

It is denoted that gradient of F),[wy ] is zero.
Ap

Wit = Wi+~ Ora1 X (26)

Constraint condition equation (24) is substituted
into Equation (26).

A
TPXIZQkak =d X[ Wi —7, =€~ 7, (27)
ﬂp B ek —}/p (28)

2 X[ Opaxk
Equation (28) is substituted into Equation (26).

O 1%k

Wirl =W +
X Ok 1%k

(29)

Regularization parameter & is introduced into
Equation (29) to derive coefficient update equation of
ISM-SCMPNLMS algorithm.

O +1 Xk

(30)
S + X} Qg 1%

Wit = Wik + Qg

Where

ifn<le|<n
if ry<lex| <7
L=y3/lex| i 73 <lex| <74
L=ya/lex| if 74 <lex]

0 else

L= 71/lex]
1-72/lex]
(31)

ap =

Adaptive filter coefficient update process indi-
cates that error signal is large in the initial stage of
the algorithm and o, >0, . The calculated mode
of y; and y, shows that y, >y;. The coefficient is
updated in subspace ). 7| /|e| is a small positive
number. Therefore, g, is a positive number close to
1. The algorithm can converge quickly. If filter con-
verges to steady state and there is no impulse noise,
then o, = oy, 5 72 <71 ap =0. Therefore, the up-
date time of filter coefficient is reduced. If the filter
converges to steady state and there exists impulse
noise, then |e;| will suddenly increase. The coeffi-
cient is updated in subspace S, , 83 and 4. If |ek|
isequalto y,, y3 or y4,then we Hy ; a, =0. The
filter coefficient is not updated. Otherwise, a; will be
selected from 1-y,/lec|, 1-73/lex| or 1-r4/lex].
Therefore, if the filter converges to steady state and
there is impulse noise disturbance, then the range of
a;, will be [0,0.13) . The algorithm instability prob-
lems can be solved.
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4. Simulation analysis

ISM-SCMPNLMS is applied in echo elimina-
tion to test effectiveness of the algorithm. Firstly, the
method in Reference [8] is used to generate sparse
echo path with impulse response length of 256 in Fig-
ure 1. The adaptive filter order L is equal to channel
sparse echo path length. Secondly, the true voice with
sampling frequency of 8 kHz is taken as input signal
to compare the above algorithm with SCMPNLMS
and SM-SCMPNLMS in References [2] and [3]. In
SCMPNLMS algorithm, the step is 0.3. In SM-SC-
MPNLMS algorithm, error threshold y, = v/5o,,. Af-
ter passing through echo path, input signal is added
with Gauss white noise n; to obtain expectation

signal. Impulse noise v(k) is iterated at the positions
ZTK, 3?1( and 4TK, where K is the length of in-
put data. At last, normalized misalignment is taken
as performance evaluation index. It is defined as fol-
lows.

2
101og) @ - w3 /||w||2 (32)

e e e 2

o
Njw-pc\oo

Amplitud

|

0¢ 50
Sampling Point

100 150 200 250

Number

Figure 1. Impulse response of sparse echo path

Algorithm convergence performance comparison
based on true voice input is researched by simulation
experiment.

Figure 2. shows normalized misalignment per-
formance of new and related algorithms based on
true voice input. The SNR is 35dB. There exists
large impulse noise disturbance where k =2x10°;
k:3><105; k=4x10°. In Figure 2, there is no
impulse noise disturbance at the early stage. ISM-
SCMPNLMS algorithm proposed in the work
has familiar performance with SCMPNLMS and
SM-SCMPNLMS algorithms. Large impulse noise
emerges at the steady stage. SCMPNLMS and SM-
SCMPNLMS algorithms have poor output perfor-
mance in weight updating and filtering solution.
However, ISM-SCMPNLMS algorithm does not
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update or updates filter coefficient by little step. The ence and Technology Research Project in Colleges
computation complexity was reduced to improve and Universities in Guangxi Province (Gran No.
steady-state performance by restraining error signal [2014] 8, Project No. ZD2014133).

amplitude and using larger error threshold.

10

a SCMPNLMS
~— b SM-SCMPNLMS
¢ ISM-SCMPNLMS

Misalien

!
p M Mw | Vi

Iterations

Figure 2. Performance comparisons of algorithms based
on true voice

5. Conclusions

In the work, the data collection of “input-expec-
tation” was divided into four data space by ISM-
SCMPNLMS algorithm. The data space with small
data ratio was calculated by SM-SCMPNLMS Algo-
rithm. In data space with large data ratio, the compu-
tation complexity was reduced to solve steady-state
problems because of pulse noise disturbance by re-
straining error signal amplitude and using larger er-
ror threshold. Simulation results show that the new
algorithm can effectively restrain large impulse noise
disturbance compared with SM-SCMPNLMS algo-
rithm in the same convergence rate.

Acknowledgements
The work was supported by PAPA and its Appli-
cation Based on Sparse Impulse Response, Key Sci-

References

Hongyang Deng, Milo’s Doroslova’cki: Im-
proving Convergence of the PNLMS Algo-
rithm for Sparse Impulse Response Identifi-
cation, IEEE SIGNAL PROCESSING LET-
TERS, 2005,12(3): 181-184.

Pradeep Loganathan, Andy W.H. Khong,
Patrick A. Naylor: A Class of Sparseness-
Controlled Algorithms for Echo Cancellation,
IEEE SIGNAL PROCESSING LETTERS,
2009,17(8): 1591-1601.

Wu Bin, Hou Chulin: A Low Complex-
ity Sparse Controlled MPNLMS Algorithm,
Computer Engineering and Applications,
2013, 49(19): 227-231.

Y. Zou, S. C. Chan: Recursive Least M-esti-
mate (RLM) adaptive filter for robust filtering
in impulse noise, IEEE SIGNAL PROCESS-
ING LETTERS, 2000,7(11): 324-326.

M. Bhotto, A. Antoniou: A robust set-mem-
bership normalized least mean-square adaptive
filter, Proc. IEEE Can. Conf. Elect. Comput.
Eng., May 2010: 1-5.

M. Z. A. Bhotto, A. Antoniou.: Robust qua-
si-Newton adaptive filtering algorithms,
IEEE Trans. Circuits Syst. II, Exp. Briefs,
2011,58(8): 537-541.

Sheng Zhang, Jiashu Zhang: Set-Membership
NLMS Algorithm With Robust Error Bound,
IEEE Trans. Circuits Syst. II, Exp. Briefs,
2014,61(7): 536-540.

Andy W.H. Khong, Patrick A. Naylor: Efficient
Use of Sparse Adaptive Filters, Signals system
and computers. ACSSC'06: 1375-1379.

Industry

www.metaljournal.com.ua

No. 9 — 2015

Metallurgical and Mining Industry




